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Abstract
Event cameras are biologically inspired sensors
garnering significant attention from both indus-
try and academia. Mainstream methods favor
frame and voxel representations, which reach a
satisfactory performance while introducing time-
consuming transformations, bulky models, and
sacrificing fine-grained temporal information. Al-
ternatively, Point Cloud representation demon-
strates promise in addressing the mentioned weak-
nesses, but it has limited scalability in abstracting
features of higher spatial resolution and longer
temporal sequence events. In this paper, we pro-
pose a Scalable Network named SECNet to lever-
age Event Cloud representation. SECNet inte-
grates polarity at the structural level by innovat-
ing the Event-based Group and Sampling mod-
ule rather than only at the input level. To ac-
commodate the surge in the number of events,
SECNet embraces feature extraction in the fre-
quency domain via the Fourier transform. This
approach not only substantially extinguishes the
explosion of Multiply Accumulate Operations
but also effectively abstracts spatio-temporal fea-
tures. We conducted extensive experiments on
ten event-based datasets, and substantiate the
scalability, effectiveness, and efficiency of SEC-
Net. Our code will be available at: https:
//github.com/rhwxmx/SECNet_ICML.

1. Introduction
Event cameras represent a revolutionary advancement in the
field of computer vision (Lichtsteiner et al., 2008; Gallego
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Figure 1. The comparison with the SOTA voxel-based VMST-Net
(Liu et al., 2023) and frame-based methods ECSNet (Chen et al.,
2022b) on seven classification datasets.

et al., 2020). Unlike traditional frame-based cameras that
capture images at fixed intervals, event cameras operate
asynchronously, detecting local changes in illumination that
exceed a predetermined threshold and generating events
independently at the pixel level (Posch et al., 2010). This
fundamental difference allows them to achieve exceptional
performance characterized by high dynamic range, low la-
tency, and low power consumption (Mueggler et al., 2017).
Consequently, event cameras demonstrate superior effec-
tiveness in capturing high-speed motion and rapid scene
dynamics, generating outputs in microsecond resolution,
which far surpasses the frame rate of conventional cameras
(Delbruck & Lang, 2013).

The raw events generated by event cameras are represented
by four dimensions, 2S-1T-1P coordinates, which comprise
2-Spatial coordinate (x, y), 1-Timestamp t, and 1-Polarity
p of each event occurrence (Wang et al., 2019a). Due to
the boom in deep learning algorithms in computer vision,
most efforts in event-based vision primarily focus on con-
verting raw events into frame-based or voxel-based repre-
sentations, employing established backbones to accomplish
various tasks, such as VGG (Simonyan & Zisserman, 2014),
ResNet (He et al., 2016), and Transformer (Dosovitskiy,
2020). Although these methods generally yield satisfactory
performance, they often introduce additional representa-
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tion transformation times and involve relatively large model
architectures, which can substantially diminish their com-
patibility with hardware and applications (Sekikawa et al.,
2019), especially for high-resolution scenes as demonstrated
in Table 4. On the other hand, the sparseness and fine-
grained temporal information contained in raw events are
greatly discounted when converted into frames and voxels,
which is detrimental for tasks like action recognition that
rely on critical details in the temporal dimension (Ren et al.,
2025).

Alternative event representation has also been investigated
and is gaining popularity. Inspired by PointNet (Qi et al.,
2017a) and PointNet++ (Qi et al., 2017b), several studies
employ Point Cloud to represent raw events. Such repre-
sentation exempts the data format transformation process,
preserves the fine-grained temporal information, and is the-
oretically coupled with lighter network architectures. How-
ever, there are three major limitations preventing Point
Cloud-based methods from achieving comparable perfor-
mance to Frame-based and Voxel-based methods. Firstly,
Point Cloud representation often ignores the polarity infor-
mation or merely treats it as part of the input, while treats
the temporal coordinate t as a quasi-spatial dimension z
(Wang et al., 2019a; Ren et al., 2023; Sekikawa et al., 2019),
failing to differentiate each dimension of events. Secondly,
the Point Cloud networks show limited scalability due to
insufficient extraction of spatial-temporal features in long
sequence events from both space and time. Thirdly, the
networks’ computational load, which is quantified by the
Multiply Accumulate Operations (MACs), super-linearly
grows with the increase in input points, leading to potential
inefficiencies when the input becomes larger (Chen et al.,
2022a); details are provided in Section E.

In order to address the constraints mentioned above, we
embrace Event Cloud representation (Wang et al., 2019a),
which is the nearest representation to raw events and re-
quires only downsampling. Compared to the previous Point
Cloud method, it gives the polarity and includes multiple
times the number of events (1024 to 10240). Then, we in-
novate a scalable, efficient, and effective framework named
SECNet by following the steps. Firstly, we redesign the
Group and Sampling (G & S) module to actively incorpo-
rate polarity not just at the input level (Xie et al., 2022;
Liu et al., 2023), but also into structural decisions such as
neighborhood formation and coordinate updates. Secondly,
we leverage the technique of frequency domain analysis
to efficiently extract features in the spatial and temporal
domains. The Spatial Frequency-aware (FA) module signifi-
cantly reduces the MACs by replacing the convolution with
Hadamard’s product by a repetition of 104. Meanwhile, the
Temporal-FA module excels at capturing long-sequence de-
pendencies of Event Cloud by global frequency filters rather
than providing local temporal information. Finally, SECNet

Figure 2. Visualization of different representations in yin-yang
from N-Caltech101 dataset.

can proficiently capture the spatio-temporal features with a
lightweight architecture scale to higher spatial and longer
temporal scenes. We conducted extensive experiments on
ten datasets for three different tasks: object recognition,
action recognition, and human pose estimation. The exper-
imental results sufficiently demonstrate the superiority of
SECNet, and the gain in seven datasets is shown in Figure 1.
Our main contribution can be summarized in the following:

• SECNet structurally integrates polarity from Event
Cloud representation rather than only input level.

• SECNet effectively captures spatio-temporal features
from long-term events via frequency domain analysis.

• SECNet is extremely lightweight and scalable to han-
dle high-resolution and long-sequence scenes.

• Comparable results highlight that SECNet serves as a
powerful backbone for the community.

2. Related Work
2.1. Event Representations

Event cameras capture changes in the environment rather
than entire frames at regular intervals, allowing them to
record rapid movements with high temporal resolution and
perform well in challenging lighting conditions. The repre-
sentation of output from event cameras is a well-developed
research problem (Gallego et al., 2020), and we visualize
some frame-based and point-based representations in Fig-
ure 2. The most common one is frame-based representations,
which involve converting event streams into 2D frames by
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Figure 3. SECNet’s architecture. It accomplishes three tasks by processing the Event Cloud into a sequence of distinct modules:
Embedding, Hierarchy Structure, and Predict Head. In more detail, the Hierarchy Structure contains five different modules: Event-based
G & S module captures the local neighborhood relationships, Spatial-FA abstracts the explicit spatial and implicit temporal features, AGG
aggregates the features in a group, Temporal-FA catches the global explicit temporal features, and RES is responsible for the abstraction
and high-level representation of features. The final results are obtained by the max-pooling and average-pooling features.

either counting the events or summing their polarity over
time intervals (Gehrig et al., 2019; Cannici et al., 2020; Lee
et al., 2016). However, this representation often results in
a loss of temporal information and sparsity since it com-
presses dynamic information into static images (Wang et al.,
2019a). To address this, Time Surface representations are
proposed, which encode the timestamp of the most recent
event at each pixel location, thereby maintaining some tem-
poral dynamics (Sironi et al., 2018). Additionally, Bina-Rep
converts asynchronous events to a sequence of sparse and
expressive event frames (Barchid et al., 2022), but it is very
time-consuming. Another advanced method is voxel-based
representation, which segments the event data into multi-
ple time bins, further capturing temporal features across
3D voxel grids or graphs that are beneficial for tasks like
3D reconstruction or depth estimation (Xie et al., 2022; Bi
et al., 2020; Deng et al., 2022). Additionally, Point Cloud
representation takes a different approach by representing the
event data in a 3D spatial format, where each event’s spatial
and temporal attributes are preserved (Wang et al., 2019a;
Ren et al., 2023). A more detailed comparison can be found
at Section B. However, this representation ignores polarity
and generally has a limited point number. Consequently,
we embrace Event Cloud representation closest to the raw
output, which only needs random downsampling.

2.2. Frequency-aware Learning

The Fourier transform is a powerful processing tool in com-
puter vision. With the rapid advancement of convolutional
neural networks, the theoretically substitutable frequency-
domain Hadamard product offers superior global capture
capability and computational efficiency. Initially, FFC (Chi
et al., 2020) employed local Fourier units instead of tra-
ditional convolutions, performing convolution operations
in the frequency domain to process image features at dif-
ferent scales effectively. Subsequently, GFNet (Rao et al.,
2021) introduced a new technique that enhances feature
expression by conducting element-wise multiplication be-
tween frequency domain features and learnable global fil-
ters. SpectFormer (Patro et al., 2023) enhanced the fea-
ture representation capabilities of the original ViT (Doso-
vitskiy, 2020) architecture by combining spectral analysis
with multi-head self-attention mechanisms. Recently, net-
work architectures based on frequency domain modules
have been extensively applied to various sub-tasks, such
as super-resolution (Li et al., 2018; Chen et al., 2024; Xue
et al., 2020), low-level tasks (Mao et al., 2023; 2024; Yu
et al., 2022; Kim et al., 2024), and human pose estimation
(Zhao et al., 2023). Event Cloud is a collection of long-term
signals containing rich spatial and temporal information,
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and the utilization of frequency-domain feature extraction
can better capture the global temporal relationship between
events and conduct lightweight networks.

3. Method
3.1. Event Cloud Representation

Event cameras generate 2-Spatial, 1-Temporal, and 1-
Polarity (2S-1T-1P) raw events in response to illumination
changes in the environment, which can be defined:

E = {ei = (xi, yi, ti, pi) | i ∈ I} , I = [1, 2 . . . , n], (1)

where (x, y) represents the spatial coordinate where the
event emits, t denotes the timestamps, p means the polarity,
and i is the index representing i-th element in the event
stream. As described in Section 2.1, E can be transformed
into many representations. Still, Event Cloud is the clos-
est representation to raw output and only requires random
downsampling. Event Cloud can be generated by:

EC = {ej = (xj , yj , tj , pj) | j ∈ J} , J ⊆ord I, (2)

where J is a sequential subset of I , and the length of J is the
number of downsampling points. We define the length of J
as T0, so the dimension of EC is [T0, 4]. Specific settings for
each dataset are shown in Table 1. It is crucial to emphasize
that Event Cloud does not exhibit the permutation invariance
characteristic of Point Cloud. So, the sampled events are
arranged in the chronological order of their occurrence,
enabling the network to extract explicit events’ temporal
features subsequently. Finally, Event Cloud is normalized
by Min-Max and sent into the network.

3.2. Overall Architecture

To fully utilize the spatio-temporal richness and polarity
of Event Cloud representation, we design a modular and
hierarchical architecture. The overall framework consists of
multiple iterative stages.

These operations are applied sequentially to gradually ab-
stract features from sparse, asynchronous events while main-
taining computational efficiency. The overall computational
flow of the SECNet pipeline is formulated as follows:

Gi,FGi , EC
′ = G&S(EC,Fi−1), (3)

FSi = SFA(FGi), FAi = AGG(FSi), (4)
FTi = TFA(FAi), FRi = RES(FTi), (5)
Fi = FRi , EC = EC′,where i ∈ [1,m], (6)
Fend = FRm ,F0 = Embed(EC). (7)

Here, EC denotes the input Event Cloud, and Fi repre-
sents the feature set at the i-th stage, where F0 is obtained
from embedding the initial Event Cloud. G&S(·) is the

Event-based Grouping and Sampling module that outputs
the grouped coordinates Gi, the grouped features FGi , and
the updated Event Cloud EC′. The Spatial Frequency-aware
module is denoted by SFA(·), yielding spatially enhanced
features FSi

. The attention-based aggregation AGG(·) then
produces FAi

. TFA(·) represents the Temporal Frequency-
aware module, which captures long-range dependencies,
producing FTi . This is refined through a residual module
RES(·) to obtain the final output FRi for stage i. At the end
of each stage i, the feature is updated via Fi = FRi

, and
the Event Cloud is replaced by EC′ to reflect the centroid
evolution. After m stages, the final feature Fend is defined
as FRm

, which is used for the subsequent classification and
regression heads. Next, we elaborate on these innovative
modules in the following subsections.

3.2.1. EVENT-BASED GROUPING & SAMPLING

Considering the inherent difference in the spatial (x, y), tem-
poral t, and polarity p four coordinates within Event Cloud,
we redesign the Grouping & Sampling (G & S) Module
to faithfully extract those by treating them differently and
incorporating polarity structurally. Point-based G & S mod-
ule serves as the fundamental operation that captures local
features with the limited receptive field in the Point Cloud
space, akin to the convolutional operation in frame-based
architecture. Most previous work has ignored the polarity
and considered t as z of Point Cloud, where temporal infor-
mation has been treated as an implicit spatial variable for
feature extraction. However, the information represented by
2S-1T-1P is not wholly equivalent to that of Point Cloud.
To address this discrepancy, we propose the Event-based G
& S Module, the details of which will be discussed below.

Before being fed into the Event-based G & S module, Event
Cloud passes through the embedding layer, as shown in the
Figure 3. The coordinates information represented by EC
with dimension [T0, 4] becomes a high-dimensional feature,
defined as F0, with dimension [T0, D0]. Consequently, the
inputs to the Event-based G & S Module are both EC and
Fi. Then, we downsample half events to find the centroid
using Farthest Point Sampling (FPS) with the coordinates
multiplied by a learnable scaling factor α to focus on dif-
ferent dimensions. We call this process Differentiation FPS
(D-FPS), and this process is formulated by:

Ci = FPS(α · EC), α ∈ R4, Ci ∈ R
Ti−1

2 ×4, (8)

where Ci denotes the centroids’ coordinates in i-th stage,
which are utilized to group events. Then, the centroid Ci
and features Fi are fed into the K-Nearest Neighbor (KNN)
block (Wang et al., 2019b). Different from previous work
utilizing coordinates to find the neighbors, we adopt the
distance of events’ features and call this process Event
Features-based KNN (EF-KNN), which is formulated by
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the following:

Gi,FGi
= KNN(FCi

,Fi,K), (9)

where K is the number of events in the group, FCi
rep-

resents the centroids’ feature, Gi ∈ R
Ti−1

2 ×K×4 denotes
the grouped events’ coordinate, and FGi

∈ R
Ti−1

2 ×K×Di−1

means the grouped events’ features which is got by index
feature from Fi. The new coordinate is generated by the
mean operation within the group, and we call this coordinate
update process the Coordinates Evolution Strategy (CES),

EC′ = Mean(Gi), EC′ ∈ R
Ti−1

2 ×4. (10)

The new group feature is concatenated by two elements:

FGi
= FGi

⊕ Gi,FGi
∈ R

Ti−1
2 ×K×(Di−1+4), (11)

where ⊕ means the concatenation operation. Finally, the
new group feature FGi

is obtained under standardized and
concatenated with the centroids’ features. The standardized
process utilizes the group mean feature as the mean value:

M = Mean(FGi
),FGi

=
FGi −M

Std(FGi
,M)

,

FGi
= FGi

⊕FCi
,FGi

∈ R
Ti−1

2 ×K×(2Di−1+4),

(12)

where M ∈ R
Ti−1

2 ×(Di−1+4) denotes the mean values, and
Std is the process to compute the standard deviation. With
the deepening of the network, coordinates are decreasing
and features are increasing, as shown in the Figure 4.

3.2.2. FREQUENCY-AWARE MODULE

We embrace frequency domain analysis to abstract the
spatial and temporal features through Spatial Frequency-
aware (FA) modules and Temporal-FA modules, respec-
tively. Event Cloud contains both spatial and temporal infor-
mation, and the performance is positively correlated to the
number of events. Theoretically, more events contain finer
spatial and temporal information. Nevertheless, capturing
the contextual relationships among a large number of
events from space and time poses a challenge for ex-
isting event-based network models, as demonstrated in
Table 9. Simultaneously, the network has to be scalable and
efficient to match the low power consumption of the event
cameras for a wider range of applications. To address the
performance plateau and the energy consumption issue with
a large number of events, we adopt the Fourier transform
for frequency domain feature extraction, with the process
formulated as follows. The definition of spatio-temporal
feature can be found Section K.

Different from images, Event Cloud is a one-dimensional
time-series signal [T0, 4], as shown in Equation (2). One-
dimensional discrete Fourier Transform (DFT) is employed

to convert the Event Cloud features to the frequency domain
by the following formulation:

X[k] =

T−1∑
n=0

x[n]e−j 2π
T kn, k = 0, 1, . . . , T − 1, (13)

where j is the imaginary unit, x represents the different
features (FGi

or FAi
) in the hierarchy structure, X de-

notes the spectrum at different frequencies, and T is the
length of temporal signals x. Specifically, FGi is reshaped
to [B×Ti, Di,K], where B is batch size, while FAi

retains
its original shape of [B, Ti, Di], and the DFT is applied to
the Di spatial dimension and Ti temporal dimensions. Ad-
ditionally, the inverse DFT can recover the spectrum from
temporal signals by the following formulation:

x[n] =
1

T

T−1∑
k=0

X[k]ej
2π
T kn, n = 0, 1, . . . , T − 1, (14)

Mathematically, the X[T − k] = X∗[k], where k ∈ [0, T
2 ],

it means the spectrum X is conjugate symmetric. Therefore,
the transformed frequency domain spectrum only needs
T
2 + 1 long enough to be recovered to the original signal.

Once the spectrum is obtained through DFT, we can initial-
ize a learnable filter V with dimensionality matching that of
the spectrum and perform the Hadamard product between
the spectrum and the filter. In summary, the specific process
of the frequency-aware module is as follows:

X = FFT(x), X̂ = V ⊙X,x = iFFT(X̂), x = σ(x),
(15)

where σ is a nonlinear activation function and ⊙ means
Hadamard product. As shown in Figure 3, SECNet adopts
two different frequency modules, the Spatial-FA module and
the Temporal-FA module. They perform Fourier transforms
on Event Cloud features in the spatial Di and temporal Ti

dimensions, respectively, and work on extracting spatial and
temporal features. The functions of these two modules will
be discussed in detail in the following.

Spatial-FA Module. The input feature FGi to this module
is the output of the Event-based G & S module, with the
dimension [Ti, K, Di] as shown in Equation (12). It repre-
sents the topological correlations composed of the spatial
proximity, temporal continuity, and polarity relevance of K
neighboring points within the group. The low frequencies
correspond to globally consistent spatiotemporal patterns
within groups, and high frequencies capture local details
within neighborhood features. Previous approaches all em-
ployed MLP-based blocks to abstract features across the
feature dimensions Di, and this also means doing Ti ×K
repeating calculations. The computational complexity of a
single MLP is O(D2

i ). We utilize frequency domain mul-
tiplication instead of MLP, and the complexity becomes
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Dataset Source Object Resolution Train Test Point Number Class Avg.length (ms) SW (ms)
NMNIST (Orchard et al., 2015) Synthetic Static 32x32 60000 10000 4096 10 300 300

N-Caltech101 (Orchard et al., 2015) Synthetic Static 240x180 20896 5226 8192 101 300 30
CIFAR10-DVS (Li et al., 2017) Synthetic Static 128x128 99965 24950 10240 10 1280 100

N-Cars (Sironi et al., 2018) Real Static 128x128 15422 8607 8192 2 100 100
ASL-DVS (Bi et al., 2020) Real Static 240x180 80640 20160 4096 24 100 100

DVS128 Gesture (Amir et al., 2017) Real Dynamic 128x128 26796 6959 1024 11 6520 500
Daily DVS (Liu et al., 2021a) Real Dynamic 346x260 2924 731 8192 12 3000 1500
UCF101-DVS (Bi et al., 2020) Synthetic Dynamic 240x180 108065 27384 8192 101 6600 1000
THUE-ACT-50 (Gao et al., 2023) Real Dynamic 1280x800 62336 15107 8192 50 - 500
DHP19 (Calabrese et al., 2019) Real Dynamic 346x240 124980 24588 4096 13 128 -

Table 1. Specific details of different datasets. Point Number denotes the fixed downsampled value, and SW represents the sliding window.

Figure 4. Visualization of Event Cloud’s coordinates and features
dimension during hierarchy structure. The closer to the end of the
loop, the fewer the number of events and the greater the feature
dimension.

O(Dilog2(Di)). Taking the dimension 540 of the last stage
in SECNet, the individual computational complexity is re-
duced by a factor of 60. This reduced complexity is finally
multiplied by the number of repeats Ti×K ≈ 12×103. The
computational complexity reduction by using the Spatial-FA
module is up to 20 times in the actually constructed network.
More importantly, the network’s performance on the various
datasets does not give too much of a discount.

Temporal-FA Module. SECNet adopts a much larger num-
ber of input events T0, which is several times as many as in
previous Point Cloud-based works. Long-term events have
important global and local contextual relationships. Com-
monly used models like LSTM and attention are not adept at
capturing these relationships and would introduce excessive
computational complexity, as demonstrated in Table 9. The
input of the Temporal-FA Module is the output of the aggre-
gation module. The aggregation (AGG) module employs
a soft attention mechanism on the neighbor dimension to
aggregate the feature within a group on the t dimension.

Ai = SoftMax(MLP(FSi
)), Ai ∈ RTi×K , (16)

FAi
=Ai · FSi

,FAi
∈ RTi×Di , (17)

where Ai is the attention value of group members, and
FSi is the output of Spatial-FA module. Then, SECNet

performs a Fourier transform in the time dimension Ti of the
event features FAi . And the temporal features of different
frequencies are captured through Equation (15). The filters
V are global since they can cover all the frequencies and
capture both long-term and short-term interactions.

In summary, SFA is applied to the grouped feature after the
Event-based G & S, where each group represents a local
neighborhood formed by spatial proximity, temporal conti-
nuity, and polarity relevance. It can efficiently model intra-
group local structure, serving as a lightweight replacement
for repeated MLP-based local feature abstraction. In con-
trast, TFA is introduced after the aggregation stage, when
the neighborhood dimension has already been collapsed,
and the events remain chronologically ordered. Its role is
to model inter-event temporal dependencies over long event
streams, rather than local neighborhood interactions.

3.2.3. RESIDUAL MODULE

To abstract the higher-level features within the network
from Event Cloud, we employ a basic residual module at
the end to further enhance the complexity and hierarchy of
features, as shown in Figure 3. The pseudo code can be
found in Section G and specific dimension variance shown
in Section F.

4. Experiment
4.1. Implementation Details

The hardware platform configuration comprises the follow-
ing: CPU: AMD 7950x, GPU: RTX 4090. Our training
model employs the subsequent set of fixed hyperparameters.
Optimizer (AdamW), Initial Learning Rate (0.001), Sched-
uler (Cosine), and Maximum Epochs (150). The Batch Size
is dynamically set to take full use of the GPU’s memory.

The Accuracy metric used in the object classification and
action recognition tasks represents the ratio of correctly
predicted samples to the total samples. The Mean Per Joint
Position Error (MPJPE) metric is used in the human pose
estimation tasks to evaluate the average Euclidean distance
between the ground truth and prediction, and the metric
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Method Type Publish N-MNIST N-CARS CIFAR10-DVS N-Caltech101 ALS-DVS Average
Pretrained on ImageNet

EST (Gehrig et al., 2019) Frame ICCV’19 0.991 0.925 0.749 0.837 0.991 0.899
M-LSTM (Cannici et al., 2020) Frame ECCV’20 0.989 0.957 0.73 0.857 0.992 0.905
MVF-Net (Deng et al., 2021) Frame TCSVT’21 0.993 0.968 0.762 0.871 0.996 0.918

Without Pretrainning
EST (Gehrig et al., 2019) Frame ICCV’19 0.99 0.919 0.634 0.753 0.979 0.855

M-LSTM (Cannici et al., 2020) Frame ECCV’20 0.986 0.927 0.631 0.738 0.98 0.852
MVF-Net (Deng et al., 2021) Frame TCSVT’21 0.981 0.927 0.599 0.687 0.971 0.833

AsyNet (Messikommer et al., 2020) Frame ECCV’20 - 0.944 0.663 0.745 - -
Gabor-SNN (Lee et al., 2016) Frame CVPR’18 0.837 0.789 0.245 0.196 - -

HATS (Sironi et al., 2018) Frame CVPR’18 0.991 0.902 0.524 0.642 - -
ECSNet (Chen et al., 2022b) Frame TCSVT’22 0.992 0.946 0.727 0.693 0.997 0.871
RG-CNNs (Bi et al., 2020) Voxel Graph TIP’20 0.99 0.914 0.54 0.657 0.901 0.800

EV-VGCNN (Deng et al., 2022) Voxel Graph CVPR’22 0.994 0.953 0.651 0.748 0.983 0.866
EVSTr (Xie et al., 2024) Voxel Grid TCSVT’24 - 0.941 0.731 0.797 0.997 -

VMV-GCN (Xie et al., 2022) Voxel Graph RAL’22 0.995 0.932 0.69 0.778 0.989 0.877
EDGCN (Deng et al., 2024) Voxel Graph AAAI’24 - 0.958 0.716 0.801 - -
VMST-Net (Liu et al., 2023) Voxel Grid TCSVT’24 0.995 0.944 0.753 0.822 0.998 0.902

EventNet (Sekikawa et al., 2019) Point Cloud CVPR’19 0.752 0.75 0.171 0.425 0.833 0.586
PointNet++ (Qi et al., 2017b) Point Cloud NIPS’17 0.841 0.809 0.465 0.503 0.947 0.713

SECNet Event Cloud Our 0.997 0.947 0.757 0.824 0.9993 0.905
Table 2. Experiment on event-based object classification datasets.

Method Type DVSGesture DailyDVS UCF101-DVS Average
TANet (Liu et al., 2021b) F 0.974 0.963 0.669 0.869

I3D (Carreira & Zisserman, 2017) F 0.951 0.909 0.603 0.822
ECSNet (Chen et al., 2022b) F 0.986 - 0.702 -

TimeSformer (Bertasius et al., 2021) F 0.917 0.906 0.541 0.788
RG-CNN (Bi et al., 2020) V 0.968 - 0.678 -

VMV-GCN (Xie et al., 2022) V 0.975 0.941 - -
EVSTr (Xie et al., 2024) V 0.986 0.996 0.735 0.906

VMST-Net (Liu et al., 2023) V 0.978 - 0.787 -
TTPOINT (Ren et al., 2023) PC 0.988 0.991 0.725 0.901
SpikePoint (Ren et al., 2024) PC 0.988 0.979 0.685 0.884

EventMamba (Ren et al., 2025) PC 0.992 0.991 0.903 0.962
SECNet EC 0.989 0.9965 0.916 0.967

Table 3. Event-based action recognition dataset Results.

Method N-Caltech101 Daily DVS DHP19
Event Frame 4.2ms 2.2ms 0.5ms
Binary Map 772ms 286ms 717ms

Time Surface 4.3ms 3.1ms 3.3ms
Voxel Grid 14.6ms 7.9ms 4.3ms

Rasterized Point Cloud 5.8ms 4ms 2.9ms
Event Cloud 1.5ms 1ms 0.3ms

Table 4. Preprocessing time of different representations.

space for 2D error is pixels and millimeters for 3D error.
The number of skeleton key points set for the experiment is
13. More details can be found in Sections A, C and D.

4.2. Preprocessing time

We utilize tonic (Lenz et al., 2021) as a code framework,
which is a powerful tool for event datasets and transforms.
As shown in Table 4, the time of preprocessing from raw
event output to six representations is required on three
datasets. It’s intuitive to see that Event Cloud takes the

least amount of time, and this time barely affects the overall
throughput of the model. The Voxel representations, also
equipped with lightweight models, spend a lot of time in
data format transformation, nearly 10 times more than Event
Cloud. This time far exceeds that of network inference,
which hinders the practical deployment of the algorithm.

4.3. Object Classification Results

Object classification involves making irregular movements
with an event camera around the recognized object, with
the classification information primarily encoded in (x, y)
coordinates of the event. Theoretically, stacking events
into frames would make it easier to reach the performance
plateau. But without the pre-training process of ImageNet,
the frame-based method performs inferior to the point-based
method, which contains the Voxel, Point Cloud, and Event
Cloud as shown in Table 2. This is due to the fact that
mapping sparse data onto an intensity 2D plane may have
aberrations such as ghosting and blurring, which reduce
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Method HMAX SNN Motion SNN EV-ACT SECNet
Accuracy 65.1 85.3 92.7 97.25

Table 5. Experiment on THUE-ACT-50 dataset.

Name Type Param. GMACs FPS Acc.
C3D F 78.41 19.85 18 0.472

ResNext-50 F 26.05 3.23 35 0.602
3D-ResNet F 63.5 14.99 - 0.579

I3D F 12.37 15.06 34 0.635
EventLSTM F 21.4 - - 0.776

ECSNet F - 6.12 0.36 0.702
RG-CNN V 6.95 12.46 - 0.632

EVSTr V 2.88 1.38 41 0.735
VMST-Net V 3.61 0.31 23 0.787
TTPOINT P 0.357 0.294 88 0.725

EventMamba P 3.28 1.861 69 0.903
SECNet EC 1.126 0.48 120 0.916

Table 6. Hardware benchmark on UCF101-DVS dataset. We adopt
the dataset filename-based partitioning method (Ren et al., 2025).

the quality of the dataset. Prior to our work, Voxel repre-
sentations dominated such tasks. Point Cloud has limited
scalability to represent objects, resulting in consistently poor
performance, which EventNet and PointNet++ demonstrate.
SECNet adopted Event Cloud representation to improve per-
formance by 27% compared to the state-of-the-art (SOTA)
Point Cloud method. Even compared with the Voxel-based
SOTA methods, SECNet shows comparable results on all
object classification datasets.

4.4. Action Recognition Results

Action recognition is a task used to analyze human move-
ments or gestures. It is widely applied in various fields,
including sports, security, and entertainment. This task dif-
fers from object classification in that the main information
is embedded in the t coordinates, which represent the type
of motion of the observed person or hand. However, voxel-
based and frame-based representations tend to diminish the
resolution of t, reducing it from a fine-grained range (1 µs)
to a coarse-grained range (50 ms). So, the finer-grained
temporal resolution of the representations, the better the
performance results, as shown in Table 3. SECNet utilizes
the finest-grained representation of Event Cloud to fully
extract its spatial-temporal features, achieving SOTA results
on average across three action recognition datasets. Espe-
cially on the UCF101-DVS dataset, SECNet far outperforms
the previous SOTA methods by 16%, named VMST-Net.
This implies that critical information you omit in the
representations, and you cannot recover or make it up
through the network architecture. Additionally, we show
the hardware performance in UCF101-DVS in Table 6.

Scalability to High-resolution dataset. SECNet out-
performs all other methods by 5%, as presented in Ta-
ble 5. Moreover, compared to EV-ACT (Gao et al., 2023),

Method Type MPJPE2D MPJPE3D Param. GMACs
Pose-Res50 F 5.28 59.83 34 12.91
LeVit-128S F 7.68 87.79 7.87 0.2

DHP19 F 7.67 87.9 0.22 3.51
VMV-PointTrans V 9.13 103.23 3.67 5.98

VMST-Net V 6.45 73.07 3.59 0.38
PointNet RPC 7.29 82.46 4.46 1.19
DGCNN RPC 6.83 77.32 4.51 4.91

Point Tansformer RPC 6.46 73.07 3.65 5.03
SECNet EC 6.11 69.89 1.831 0.160

Table 7. Experiment on event-based human pose dataset. RPC
means the rasterized Point Cloud representation (Zhao et al., 2021).

Dataset DHP19 N-CARS UCF101-DVS
Metric MPJPE2D MPJPE3D Acc. Acc.
w all 6.11 69.89 0.947 0.916
w/o α 6.17 70.03 0.942 0.914

w/o EF-KNN 6.20 70.47 0.937 0.915
w/o SFA 6.68 75.43 0.929 0.892
w/o TFA 6.47 73.84 0.944 0.913
Input P 6.27 71.12 0.937 0.913
w/o P 6.19 70.30 0.944 0.911

Table 8. Ablation study on core modules.

SECNet consumes one order fewer hardware resources
(1.27 M/ 0.971 MACs vs 21.3 M/ 14.5 MACs). It is also
evident that the required computation resource is indepen-
dent of the resolution, making it particularly suitable for
processing high-resolution event camera data.

4.5. Human Pose Estimation Results

Human pose estimation is a fundamental task that is widely
used in virtual reality and security. It aims to accurately
regress the human skeletons’ key points. Event cameras are
distinguished by their advantages in privacy, high speed, and
ability to capture motion without blur in such tasks. Point
Cloud representation was demonstrated to be efficient for
edge devices, but did not perform well in the MPJPE metric.
Furthermore, this work proposed the Rasterized Point Cloud
representation (RPC), which retains the original Point Cloud
network while additionally introducing the representation
transformation time, as shown in Table 4. SECNet leverages
the raw unprocessed Event Cloud to reach the SOTA re-
sults of point-based and voxel-based methods. Meanwhile,
SECNet has the smallest model size, with GMACs of only
0.160, which is 2% of Point Transformer, as shown in Ta-
ble 7. In addition, it takes only 4.37 ms for the model to
infer a sample on the server. Furthermore, the citations cor-
responding to Tables 5 to 7 are provided in the Section A
and visualization results shown in Section K.

4.6. Ablation Study

4.6.1. MODULES ABLATION

In Table 8, “w/o α means SECNet does not adopt D-FPS.
And “w/o EF-KNN” means SECNet does not adopt EF-
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Event number SECNet SECNet w LSTM PointNet++ TTPOINT
512 46.29 44.16 37.63 39.70
1024 50.36 48.31 43.54 42.15
2048 52.24 49.10 47.02 42.58
4096 56.57 50.84 49.04 44.39
8192 60.04 53.63 53.15 43.65

10240 60.60 52.42 54.39 45.61
Table 9. Ablation study of different Point-based networks in N-
Caltech101 with a 300 ms sliding window.

KNN. The performance of the model decreased on all three
datasets. “w/o SFA” and “w/o TFA” denote that SECNet
is not equipped with the Spatial-FA module and Temporal-
FA module, respectively. The model showed a significant
decrease in the DHP19 dataset, suggesting that temporal
features are important for predicting the human skeleton. In-
put P means SECNet incorporates polarity in the input-level
instead of the structural-level.“w/o P” represents the input
equal to the Point Cloud representation without polarity. All
three datasets have demonstrated that polarity provides ad-
ditional information. What’s more, the more ablation study
can be found in the Sections I and J. Overall, all the designed
components are indispensable and jointly contribute to the
superior prediction capability of our proposed SECNet.

4.6.2. SCALABILITY TO EVENT NUMBER

PointNet++ and TTPOINT do not have an explicit tempo-
ral feature extraction module; the accuracy is much lower
than that of SECNet, and the performance of TTPOINT
does not improve clearly after 4096 points, as shown in
Table 9. Additionally, SECNet replaces LSTM for temporal
feature extraction, which makes it difficult to capture long-
term dependencies between events as the number of points
grows. In contrast, the proposed Temporal-FA module mod-
els global temporal relationships in the frequency domain,
enabling SECNet to effectively capture long-range depen-
dencies while maintaining stable scalability as the event
number increases. Moreover, the consistent performance
improvement under larger event inputs indicates that SEC-
Net can better utilize the fine-grained temporal information
contained in dense Event Cloud representations.

4.7. Hardware Efficiency and Edge Deployability

we perform measured FPGA experiments on a Zynq Ul-
traScale+ MPSoC running at 200 MHz to evaluate edge-
oriented deployment characteristics. We compare the pro-
posed SFA module against the conventional spatial MLP
implementation used for feature extraction.

As shown in Table 10, the spatial MLP requires 6,302,723 /
12,595,715 / 25,191,430 cycles for stages 1/2/3, correspond-
ing to 31.51 / 62.98 / 125.96 ms latency, respectively. In
contrast, the proposed FFT-based SFA accelerator requires
only 393,859 cycles (1.97 ms), and the cost remains nearly
constant across different stages. This corresponds to approx-

Table 10. FPGA comparison between spatial MLP and SFA on
Zynq UltraScale+ MPSoC (200 MHz).

Input Dimension MLP (Cycle Count / Latency) SFA (Cycle Count / Latency)

Stage 1 [1024,24,64] 6,302,723 / 31.51 ms 393,859 / 1.97 ms
Stage 2 [512,24,128] 12,595,715 / 62.98 ms 393,859 / 1.97 ms
Stage 3 [256,24,256] 25,191,430 / 125.96 ms 393,859 / 1.97 ms

On-Chip Memory (RAMB18) 84 39

imately 16×, 32×, and 64× fewer cycles compared with the
spatial baseline. Additionally, the on-chip memory RAM18
is reduced from 84 s to 39. This demonstrate SECNet is not
only algorithmic lightweight, but also hardware-efficient
realizability.

5. Conclusion
In this paper, we carry forward the Event Cloud representa-
tion, which is the nearest one to the raw events. We propose
event-based G&S modules and embrace frequency domain
analysis to extract long sequence events’ features. We bench-
mark SECNet on ten datasets, and the ground-breaking re-
sults demonstrate scalability, efficiency, and effectiveness.

Acknowledgements
This work was supported in part by the Youth
Science and Technology Talent Support Program of
GDSTA (SKXRC2025460), the Guangdong Science and
Technology Program (2025A0505000036), the Guang-
dong Basic and Applied Basic Research Foundation
(2026A1515010184), the National Science Foundation
of China [U23A20389, 62306095, 82441009, 82441008,
62506101], the Heilongjiang Natural Science Foundation
of China [LH2024F017], the China Postdoctoral Science
Foundation [2024M764190], and the Fundamental Research
Funds for the Central Universities [HIT.NSFJG202439,
HIT.NSFJG202434].

Impact Statement
This paper aims to advance lightweight and scalable event-
based framework for edge applications. By leveraging
Event Cloud representation and efficient frequency-domain
feature extraction, SECNet enables low-latency and low-
power event processing, which is particularly beneficial for
resource-constrained scenarios such as robotics, wearable
devices, autonomous systems, and smart sensing platforms.

As with other event-based perception technologies, the pro-
posed method could potentially be applied in surveillance
or monitoring systems. However, SECNet itself is a general-
purpose vision backbone and does not introduce additional
privacy risks beyond existing event-camera technologies.
We hope this work encourages further research toward effi-
cient, reliable, and responsible edge AI systems.

9



Scalable Event Cloud Network for Event-based Classification

References
Amir, A., Taba, B., Berg, D., Melano, T., McKinstry, J.,

Di Nolfo, C., Nayak, T., Andreopoulos, A., Garreau, G.,
Mendoza, M., et al. A low power, fully event-based
gesture recognition system. In Proceedings of the IEEE
conference on computer vision and pattern recognition,
pp. 7243–7252, 2017.

Annamalai, L., Ramanathan, V., and Thakur, C. S. Event-
lstm: An unsupervised and asynchronous learning-based
representation for event-based data. IEEE Robotics and
Automation Letters, 7(2):4678–4685, 2022.

Barchid, S., Mennesson, J., and Djéraba, C. Bina-rep event
frames: A simple and effective representation for event-
based cameras. In 2022 IEEE International Conference
on Image Processing (ICIP), pp. 3998–4002. IEEE, 2022.

Bertasius, G., Wang, H., and Torresani, L. Is space-time
attention all you need for video understanding? In ICML,
volume 2, pp. 4, 2021.

Bi, Y., Chadha, A., Abbas, A., Bourtsoulatze, E., and An-
dreopoulos, Y. Graph-based spatio-temporal feature learn-
ing for neuromorphic vision sensing. IEEE Transactions
on Image Processing, 29:9084–9098, 2020.

Calabrese, E., Taverni, G., Awai Easthope, C., Skriabine,
S., Corradi, F., Longinotti, L., Eng, K., and Delbruck, T.
Dhp19: Dynamic vision sensor 3d human pose dataset.
In Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition workshops, pp. 0–0, 2019.

Cannici, M., Ciccone, M., Romanoni, A., and Matteucci,
M. A differentiable recurrent surface for asynchronous
event-based data. In Computer Vision–ECCV 2020: 16th
European Conference, Glasgow, UK, August 23–28, 2020,
Proceedings, Part XX 16, pp. 136–152. Springer, 2020.

Carreira, J. and Zisserman, A. Quo vadis, action recogni-
tion? a new model and the kinetics dataset. In proceed-
ings of the IEEE Conference on Computer Vision and
Pattern Recognition, pp. 6299–6308, 2017.

Chen, J., Shi, H., Ye, Y., Yang, K., Sun, L., and Wang, K.
Efficient human pose estimation via 3d event point cloud.
In 2022 International Conference on 3D Vision (3DV),
pp. 1–10. IEEE, 2022a.

Chen, J., Duanmu, C., and Long, H. Large kernel
frequency-enhanced network for efficient single image
super-resolution. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pp.
6317–6326, 2024.

Chen, Z., Wu, J., Hou, J., Li, L., Dong, W., and Shi, G.
Ecsnet: Spatio-temporal feature learning for event camera.

IEEE Transactions on Circuits and Systems for Video
Technology, 33(2):701–712, 2022b.

Chi, L., Jiang, B., and Mu, Y. Fast fourier convolution.
Advances in Neural Information Processing Systems, 33:
4479–4488, 2020.

Delbruck, T. and Lang, M. Robotic goalie with 3 ms reaction
time at 4% cpu load using event-based dynamic vision
sensor. Frontiers in neuroscience, 7:223, 2013.

Deng, Y., Chen, H., and Li, Y. Mvf-net: A multi-view fusion
network for event-based object classification. IEEE Trans-
actions on Circuits and Systems for Video Technology, 32
(12):8275–8284, 2021.

Deng, Y., Chen, H., Liu, H., and Li, Y. A voxel graph cnn for
object classification with event cameras. In Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pp. 1172–1181, 2022.

Deng, Y., Chen, H., and Li, Y. A dynamic gcn with cross-
representation distillation for event-based learning. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 38, pp. 1492–1500, 2024.

Dosovitskiy, A. An image is worth 16x16 words: Trans-
formers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

Fan, Y., Lu, X., Li, D., and Liu, Y. Video-based emotion
recognition using cnn-rnn and c3d hybrid networks. In
Proceedings of the 18th ACM international conference
on multimodal interaction, pp. 445–450, 2016.

Gallego, G., Delbrück, T., Orchard, G., Bartolozzi, C., Taba,
B., Censi, A., Leutenegger, S., Davison, A. J., Conradt, J.,
Daniilidis, K., et al. Event-based vision: A survey. IEEE
transactions on pattern analysis and machine intelligence,
44(1):154–180, 2020.

Gao, Y., Lu, J., Li, S., Ma, N., Du, S., Li, Y., and Dai, Q.
Action recognition and benchmark using event cameras.
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 45(12):14081–14097, 2023.

Gehrig, D., Loquercio, A., Derpanis, K. G., and Scara-
muzza, D. End-to-end learning of representations for
asynchronous event-based data. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pp. 5633–5643, 2019.

Graham, B., El-Nouby, A., Touvron, H., Stock, P., Joulin,
A., Jégou, H., and Douze, M. Levit: a vision transformer
in convnet’s clothing for faster inference. In Proceedings
of the IEEE/CVF international conference on computer
vision, pp. 12259–12269, 2021.

10



Scalable Event Cloud Network for Event-based Classification

Gu, A. and Dao, T. Mamba: Linear-time sequence
modeling with selective state spaces. arXiv preprint
arXiv:2312.00752, 2023.

Hara, K., Kataoka, H., and Satoh, Y. Can spatiotemporal
3d cnns retrace the history of 2d cnns and imagenet? In
Proceedings of the IEEE conference on Computer Vision
and Pattern Recognition, pp. 6546–6555, 2018.

He, K., Zhang, X., Ren, S., and Sun, J. Deep residual learn-
ing for image recognition. In Proceedings of the IEEE
conference on computer vision and pattern recognition,
pp. 770–778, 2016.

Kim, T., Cho, H., and Yoon, K.-J. Frequency-aware event-
based video deblurring for real-world motion blur. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 24966–24976, 2024.

Langley, P. Crafting papers on machine learning. In Langley,
P. (ed.), Proceedings of the 17th International Conference
on Machine Learning (ICML 2000), pp. 1207–1216, Stan-
ford, CA, 2000. Morgan Kaufmann.

Lee, J. H., Delbruck, T., and Pfeiffer, M. Training deep
spiking neural networks using backpropagation. Frontiers
in neuroscience, 10:508, 2016.

Lenz, G., Chaney, K., Bam Shrestha, S., Oubari, O., Picaud,
S., and Zarrella, G. Tonic: event-based datasets and
transformations. Zenodo, 2021.

Li, H., Liu, H., Ji, X., Li, G., and Shi, L. Cifar10-dvs: an
event-stream dataset for object classification. Frontiers
in neuroscience, 11:309, 2017.

Li, J., You, S., and Robles-Kelly, A. A frequency do-
main neural network for fast image super-resolution. In
2018 International Joint Conference on Neural Networks
(IJCNN), pp. 1–8. IEEE, 2018.

Lichtsteiner, P., Posch, C., and Delbruck, T. A 128 × 128
120 db 15 µs latency asynchronous temporal contrast
vision sensor. IEEE journal of solid-state circuits, 43(2):
566–576, 2008.

Liu, D., Wang, T., and Sun, C. Voxel-based multi-scale
transformer network for event stream processing. IEEE
Transactions on Circuits and Systems for Video Technol-
ogy, 2023.

Liu, Q., Xing, D., Tang, H., Ma, D., and Pan, G. Event-based
action recognition using motion information and spiking
neural networks. In IJCAI, pp. 1743–1749, 2021a.

Liu, Z., Wang, L., Wu, W., Qian, C., and Lu, T. Tam:
Temporal adaptive module for video recognition. In Pro-
ceedings of the IEEE/CVF international conference on
computer vision, pp. 13708–13718, 2021b.

Mao, X., Liu, Y., Liu, F., Li, Q., Shen, W., and Wang,
Y. Intriguing findings of frequency selection for image
deblurring. In Proceedings of the AAAI Conference on
Artificial Intelligence, volume 37, pp. 1905–1913, 2023.

Mao, X., Wang, J., Xie, X., Li, Q., and Wang, Y. Loformer:
Local frequency transformer for image deblurring. In
ACM Multimedia 2024, 2024.

Messikommer, N., Gehrig, D., Loquercio, A., and Scara-
muzza, D. Event-based asynchronous sparse convolu-
tional networks. In Computer Vision–ECCV 2020: 16th
European Conference, Glasgow, UK, August 23–28, 2020,
Proceedings, Part VIII 16, pp. 415–431. Springer, 2020.

Mueggler, E., Rebecq, H., Gallego, G., Delbruck, T., and
Scaramuzza, D. The event-camera dataset and simulator:
Event-based data for pose estimation, visual odometry,
and slam. The International Journal of Robotics Research,
36(2):142–149, 2017.

Niu, Z., Zhong, G., and Yu, H. A review on the attention
mechanism of deep learning. Neurocomputing, 452:48–
62, 2021.

Orchard, G., Jayawant, A., Cohen, G. K., and Thakor, N.
Converting static image datasets to spiking neuromorphic
datasets using saccades. Frontiers in neuroscience, 9:437,
2015.

Patro, B. N., Namboodiri, V. P., and Agneeswaran, V. S.
Spectformer: Frequency and attention is what you need
in a vision transformer. arXiv preprint arXiv:2304.06446,
2023.

Posch, C., Matolin, D., and Wohlgenannt, R. A qvga 143
db dynamic range frame-free pwm image sensor with
lossless pixel-level video compression and time-domain
cds. IEEE Journal of Solid-State Circuits, 46(1):259–275,
2010.

Qi, C. R., Su, H., Mo, K., and Guibas, L. J. Pointnet: Deep
learning on point sets for 3d classification and segmenta-
tion. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pp. 652–660, 2017a.

Qi, C. R., Yi, L., Su, H., and Guibas, L. J. Pointnet++:
Deep hierarchical feature learning on point sets in a met-
ric space. Advances in neural information processing
systems, 30, 2017b.

Rao, Y., Zhao, W., Zhu, Z., Lu, J., and Zhou, J. Global filter
networks for image classification. Advances in neural
information processing systems, 34:980–993, 2021.

Ren, H., Zhou, Y., Fu, H., Huang, Y., Xu, R., and Cheng, B.
Ttpoint: A tensorized point cloud network for lightweight
action recognition with event cameras. In Proceedings of

11



Scalable Event Cloud Network for Event-based Classification

the 31st ACM International Conference on Multimedia,
pp. 8026–8034, 2023.

Ren, H., Zhou, Y., Xiaopeng, L., Huang, Y., Haotian, F.,
Song, J., and Cheng, B. Spikepoint: An efficient point-
based spiking neural network for event cameras action
recognition. In The Twelfth International Conference on
Learning Representations, 2024.

Ren, H., Zhou, Y., Zhu, J., Lin, X., Fu, H., Huang, Y.,
Fang, Y., Ma, F., Yu, H., and Cheng, B. Rethinking
efficient and effective point-based networks for event
camera classification and regression. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2025.

Sekikawa, Y., Hara, K., and Saito, H. Eventnet: Asyn-
chronous recursive event processing. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pp. 3887–3896, 2019.

Sherstinsky, A. Fundamentals of recurrent neural network
(rnn) and long short-term memory (lstm) network. Phys-
ica D: Nonlinear Phenomena, 404:132306, 2020.

Simonyan, K. and Zisserman, A. Very deep convolu-
tional networks for large-scale image recognition. arXiv
preprint arXiv:1409.1556, 2014.

Sironi, A., Brambilla, M., Bourdis, N., Lagorce, X., and
Benosman, R. Hats: Histograms of averaged time sur-
faces for robust event-based object classification. In Pro-
ceedings of the IEEE conference on computer vision and
pattern recognition, pp. 1731–1740, 2018.

Wang, Q., Zhang, Y., Yuan, J., and Lu, Y. Space-time
event clouds for gesture recognition: From rgb cameras
to event cameras. In 2019 IEEE Winter Conference on
Applications of Computer Vision (WACV), pp. 1826–1835.
IEEE, 2019a.

Wang, Y. and Solomon, J. M. Object dgcnn: 3d object
detection using dynamic graphs. Advances in Neural
Information Processing Systems, 34:20745–20758, 2021.

Wang, Y., Sun, Y., Liu, Z., Sarma, S. E., Bronstein, M. M.,
and Solomon, J. M. Dynamic graph cnn for learning on
point clouds. ACM Transactions on Graphics (tog), 38
(5):1–12, 2019b.

Xiao, B., Wu, H., and Wei, Y. Simple baselines for hu-
man pose estimation and tracking. In Proceedings of
the European conference on computer vision (ECCV), pp.
466–481, 2018.

Xiao, R., Tang, H., Ma, Y., Yan, R., and Orchard, G. An
event-driven categorization model for aer image sensors
using multispike encoding and learning. IEEE transac-
tions on neural networks and learning systems, 31(9):
3649–3657, 2019.

Xie, B., Deng, Y., Shao, Z., Liu, H., and Li, Y. Vmv-gcn:
Volumetric multi-view based graph cnn for event stream
classification. IEEE Robotics and Automation Letters, 7
(2):1976–1983, 2022.

Xie, B., Deng, Y., Shao, Z., Xu, Q., and Li, Y. Event
voxel set transformer for spatiotemporal representation
learning on event streams. IEEE Transactions on Circuits
and Systems for Video Technology, 2024.

Xue, S., Qiu, W., Liu, F., and Jin, X. Faster image super-
resolution by improved frequency-domain neural net-
works. Signal, Image and Video Processing, 14(2):257–
265, 2020.

Yu, H., Zheng, N., Zhou, M., Huang, J., Xiao, Z., and
Zhao, F. Frequency and spatial dual guidance for image
dehazing. In European Conference on Computer Vision,
pp. 181–198. Springer, 2022.

Zhao, H., Jiang, L., Jia, J., Torr, P. H., and Koltun, V. Point
transformer. In Proceedings of the IEEE/CVF interna-
tional conference on computer vision, pp. 16259–16268,
2021.

Zhao, Q., Zheng, C., Liu, M., Wang, P., and Chen, C. Pose-
formerv2: Exploring frequency domain for efficient and
robust 3d human pose estimation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 8877–8886, 2023.

12



Scalable Event Cloud Network for Event-based Classification

Table 11. Different Model Architecture Comparison

Aspect SECNet PointNet++ (Qi et al., 2017b) EventNet(Sekikawa et al., 2019) VMV-GCN(Xie et al., 2022) VMST-Net(Liu et al., 2023)
Scalability 10240 1024 - 2048 1024

Representation Event Cloud Point Cloud Event Cloud Voxel Graph + Muti-view Voxel Grid
Preprocessing Time short short short long long

Polarity Structural-level Integration ✗ Input-level Inclusion Input-level Inclusion Input-level Inclusion
Sampling Strategy D-FPS FPS ✗ Motion-sensitive Fixed-grid

KNN Distance Feature-based Radius-based ✗ Geometry-based Radius-based
Coord. Update ✓(CES) ✗ ✗ ✗ ✗

Long Sequence Model ✓ ✗ ✗ ✗ ✗

A. References to comparative method abbreviations
In Table 5, which presents the experiment on the THUE-ACT-50 dataset, we include HMAX SNN (Xiao et al., 2019), Motion
SNN (Liu et al., 2021a), and EV-ACT (Gao et al., 2023).

In Table 6, the hardware benchmark on the UCF101-DVS dataset, lists C3D (Fan et al., 2016), ResNext-50 (Hara et al.,
2018), 3D-ResNet (Hara et al., 2018), I3D (Carreira & Zisserman, 2017), EventLSTM (Annamalai et al., 2022), ECSNet
(Chen et al., 2022b), RG-CNN (Bi et al., 2020), EVSTr (Xie et al., 2024), VMST-Net (Liu et al., 2023), TTPOINT (Ren
et al., 2023), and EventMamba (Ren et al., 2025).

In Table 7, the experiment on the event-based human pose dataset. We include Pose-Res50 (Xiao et al., 2018), LeVit-128S
(Graham et al., 2021), DHP19 (Calabrese et al., 2019), VMV-PointTrans (Xie et al., 2022; Zhao et al., 2021), VMST-Net
(Liu et al., 2023), PointNet (Chen et al., 2022a; Qi et al., 2017a), DGCNN (Chen et al., 2022a; Wang & Solomon, 2021),
and Point Transformer (Chen et al., 2022a; Zhao et al., 2021).

B. Comparison of Event Cloud and Voxel Representations
While Voxel-based (voxel grid and voxel graph) representations can indeed encode a high density of events and preserve
polarity through multi-channel binning, they inherently impose a grid-like quantization over the spatiotemporal domain. This
discretization leads to two limitations: (1) loss of temporal precision due to uniform binning, and (2) inefficiencies in data
transformation and memory usage, especially for high-resolution or long-duration events. In contrast, Event Cloud maintains
a continuous representation of each event with no spatial or temporal quantization, preserving the raw structure and allowing
direct modeling without costly pre-processing time. Voxel-based representation often requires longer preprocessing time
and introduces additional time for constructing graph structures.

To further compare from the network architecture perspective, voxel-based models such as VMV-GCN (Xie et al., 2022)
and VMST-Net (Liu et al., 2023) typically rely on static receptive fields or geometry-based neighborhood construction,
which are limited in their ability to adapt to dynamic spatial-temporal patterns. Their grouping mechanisms are predefined
by voxel grid boundaries or spatial distances, ignoring the learned feature similarity between tokens. Moreover, polarity
information, although present at the input level, is only utilized in voxel-wise feature encoding, without participating
in structural decisions such as neighborhood formation or coordinate update.

In contrast, SECNet introduces a feature-based G&S mechanism that leverages both spatial-temporal positions and polarity
in a unified 4D feature space. The D-FPS and EF-KNN enable the network to construct adaptive neighborhoods, while CES
allows the model to dynamically adjust token positions layer-by-layer based on learned representations. This architectural
design not only enhances the semantic alignment of local regions but also improves scalability to large and dense event
streams by avoiding fixed voxel grids. Furthermore, SECNet uniquely integrates polarity information into its structural
pipeline, making it the only model among the compared methods that fully exploits polarity for both feature and topology
modeling. Specific comparison can be seen in Table 11.

C. Implement Details
For all datasets, the hierarchy structure is configured with 3 loops, and the embedding layer is implemented using a single
layer of one-dimensional convolution, with input and output dimensions of 4 and 64, respectively. So the dimensional
transformation of Event Cloud features is gradually increased to 64, 132, 268, and 540 as the loop goes on, and the formula
is calculated as the previous layer’s dimension multiplied by two plus four. As for the number of groups, which is also the
number of centroids in the first loop, NMNIST, N-CARS, DVS128 Gesture, and DHP19 are set to 512, ASL-DVS, Daily
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Events Number\Centroid
[2048, 1024, 512] [1024, 512, 256] [512, 256, 128] [256,128,64]

Runtime Param. GMACs Runtime Param. GMACs Runtime Param. GMACs Runtime Param. GMACs
10240 19.71 1.514 1.198 9.70 1.103 0.548 5.08 0.898 0.262 4.43 0.795 0.129
8192 16.8 1.514 1.063 8.34 1.103 0.48 4.37 0.898 0.228 4.43 0.795 0.112
4096 10.8 1.514 0.794 5.30 1.103 0.345 4.43 0.898 0.160 4.40 0.795 0.077
2048 - - - 4.44 1.103 0.278 4.38 0.898 0.126 4.35 0.795 0.060
1024 - - - - - - 4.35 0.898 0.109 4.35 0.795 0.051

Table 12. Hardware performance lookup table for SECNet.

Figure 5. Specific variation of dimensions of a sample in SECNet.

DVS, and UCF101-DVS are set to 1024, and CIFAR10-DVS and N-Caltech101 are set to 2048. The number of groups is
halved as each loop moves to the next one.

D. Dataset
We validate SECNet on three tasks ten datasets, e.g., Object Classification: NMNIST (Orchard et al., 2015), N-Caltech101
(Orchard et al., 2015), CIFAR10-DVS (Li et al., 2017), N-CARS (Sironi et al., 2018), ASL-DVS (Bi et al., 2020), Action
Recognition: DVS128 Gesture (Amir et al., 2017), Daily DVS (Liu et al., 2021a), UCF101-DVS (Bi et al., 2020),
THUE-ACT-50 (Gao et al., 2023), Human Pose Estimation: DHP19 (Calabrese et al., 2019). For N-Caltech101, CIFAR10-
DVS, ASL-DVS, Daily DVS, and UCF101-DVS do not have official divisions, we follow the setting in (Bi et al., 2020;
Chen et al., 2022b), randomly select 20% of the samples as the testset, and all other datasets use official divisions. The
details of these datasets are shown in Table 1.

E. Super-linear Increase
PointNet exhibits a linear increase in MACs with the number of points, as it only extracts global information, which is
insufficient for complex tasks. In fact, mainstream models such as PointNet++, PointMLP, PointTransformer, and our
SECNet extract local features and are also influenced by the number of FPS points (i.e., the number of groups), leading to
superlinear growth in computational complexity as shown in Table 12. Still, SECNet decreases the MACs by 5x given the
same sample points.

F. Specific Dimension Variance in SECNet
We show the specific variation of the dimension of a sample in Figure 5. The red marks represent the dimensions done
FFT. 1. Spatial-FA: This module functions on channel dimension (132), which represents spatial information between each
event point and the central feature. Unlike the frame representation, the feature does not have x and y dimensions but rather
abstracts the information of x and y into the channel dimension. 2. Temporal-FA: This module functions on the event
number dimension (2048), which represents discretized temporal information due to its being strictly arranged in the order
of events emitted.
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Algorithm 1 SECNet Pipeline
Input: Event Cloud EC
Parameters: Stage Number: m
Output: Category ĉ, Human Pose p̂

1: F = Embedding(EC),
2: for i in stage(m) do
3: Event-based G & S Module
4: G,FG , EC′ = G&S(EC,F)
5: Spatial-FA Module
6: FS = SFA(FG);
7: Temporal Aggregate Module
8: FA = AGG(FS);
9: Temporal-FA Module

10: FT = TFA(FA);
11: ResB Module
12: FR = RES(FT )
13: F = FR; EC = EC′;
14: end for
15: F = Mean(F)⊕ Max(F)
16: Classifier Regressor
17: Get category ĉ Get 13 skeleton points p̂

G. Hardware Resource Performance
In addition, we tested the hardware resource performance and runtime of SECNet on the server platform. Thanks to the
design of the Spatial-FA module, SECNet achieves leading results with a remarkably low computational cost, requiring only
one fortieth of the MACs compared to frame-based methods. Additionally, SECNet inherits the high inference speed of Point
Cloud representations, delivering an impressive throughput of 229.7 FPS while far superior to frame-based and voxel-based
methods. Although the number of parameters in SECNet is higher than that of TTPOINT, the tensor decomposition
technique employed significantly reduces the network’s inference time. SECNet still maintains a relatively low parameter
count compared to the frame-based method.

H. Pseudo Code
The SECNet pipeline is shown in Algorithm 1. The input is an Event Cloud along with the stage number parameter m. The
output consists of the predicted category ĉ and human pose p̂.

First, the algorithm embeds the input Event Cloud using the embedding module, producing the feature representation F .
Then, the algorithm proceeds through a series of stages (m iterations), where each stage consists of several modules. The
Event-based G & S module processes the input EC and the embedded features F via the G & S function, generating group
set G, group features FG , and a modified Event Cloud EC′. Next, the Spatial Frequency-aware (SFA) module aggregates the
feature graph FG spatially to produce the spatially aggregated features FS . Afterward, the Temporal Aggregate module
temporally aggregates the spatially aggregated features FS to produce the temporally aggregated features FA. Then, the
Temporal Feature Aggregation (TFA) module processes the temporally aggregated features FA to generate the temporal
features FT . Finally, the ResB module applies residual learning to the temporal features FT to obtain the final features FR.

After each stage, the feature set F is updated with the residual features FR, and the Event Cloud EC is updated with the
modified Event Cloud EC′. Upon completion of all stages, the algorithm computes the mean and maximum of the feature
set F and combines them using a concat operation ⊕. Finally, a classifier regressor is applied to the fused features to predict
the category ĉ and extract 13 skeleton points p̂ corresponding to the human pose.

This pipeline involves a series of feature transformations and aggregations aimed at efficiently and effectively processing
event-driven data for both category classification and human pose estimation.
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Figure 6. Proportional chart of GMACs. The other modules’ GMACs, represented by the light blue, are congruent.

Figure 7. Human pose estimation results in visualization for different models. The first row shows the results in 2D (yellow for ground
truth, blue for prediction). The second row shows the results in 3D (red for ground truth, blue for prediction).

I. Ablation Study on Spatial-FA Module
As mentioned in the main paper, we replace the convolution operations with Spatial-FA, and this significantly reduces the
overall GMACs of the model. To explore its effect on the results, we utilize convolution to extract spatial features on six
datasets and list the metric change in Table 13 (Calabrese et al., 2019; Bi et al., 2020; Sironi et al., 2018; Orchard et al., 2015;
Amir et al., 2017). ECNet denotes the network in which the Spatial-FA module of SECNet is replaced with a traditional
convolution. The proportion of overall GMACs accounted for by the Spatial-FA module before and after the replacement is
shown in Figure 6. Although SECNet generally underperforms ECNet across most datasets, it is markedly more efficient,
with its GMACs constituting only 5% of the size of ECNet and its model parameters being smaller. Furthermore, SECNet
has surpassed nearly all other representations in terms of performance.

J. Look up Table for Runtime
Differences in the number of input events and the centroid of each loop in SECNet can influence its hardware performance.
We evaluated the hardware performance of various combinations on the server platform, as shown in Table 12, measuring
runtime in milliseconds (ms), parameters in millions (M), and MACs in giga (G). By observing the table, we can find that 1.
the number of input events is independent of the model size, and the number of centroids per loop solely determines it; 2.
The runtime increases synchronously with the event number and centroid. 3. GMAC super-linear grows with the increase of
events number and centroid. Additionally, simply increasing the number of events will slow down the network inference,
creating a trade-off between performance and inference speed in practical applications. The throughput of SECNet is
guaranteed to be above 200 FPS when the centroid is kept at [512, 256, 128] and [256, 128, 64].
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Figure 8. More 2D and 3D SECNet’s results in DHP19 dataset.
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Dataset DHP19 ASLDVS UCF101-DVS NCARS NMNIST DVS128 Gesture
Method SECNet ECNet SECNet ECNet SECNet ECNet SECNet ECNet SECNet ECNet SECNet ECNet
Metric 6.11 69.89 5.87 66.87 0.9993 0.9994 0.916 0.941 0.947 0.951 0.997 0.997 0.989 0.983

Parameter 1.831 2.193 1.107 1.469 1.126 1.489 0.896 1.258 1.103 1.465 0.898 1.26
GMACs 0.160 0.904 0.345 1.832 0.48 1.967 0.228 0.971 0.345 1.832 0.11 0.903

SFA MMACs 39.5 783 79 1566 79 1566 39.5 802 79 1566 39.5 783
Table 13. Ablation study for the Spatial-FA module of SECNet.

K. Spatio-temporal Features
Event Cloud contains both spatial (x, y) and temporal t coordinates, and the features extracted through the network using
these two types of coordinates refer to spatial-temporal features. Additionally, the manner in which these coordinates are
employed results in distinct categories of features. We break down the categories of temporal features into explicit and
implicit types. Previous works have treated the events’ t coordinate as the space z coordinate, employing the Point Cloud
network to abstract features where t is regarded as an implicit variable analogous to (x, y). So, we call such features implicit
temporal features. In contrast, when t is treated as an index within networks such as LSTM (Sherstinsky, 2020), SSM (Gu &
Dao, 2023), and attention mechanisms (Niu et al., 2021), we classify the resulting features as explicit temporal features.

L. Visualization
Figure 7 presents the prediction results of various models applied to the same test samples, whose settings are consistent
with the paper (Chen et al., 2022a). ResNet18 and DHP19 employ the event frame representation (Calabrese et al., 2019),
PointNet utilizes the rasterized Point Cloud representation (Chen et al., 2022a), and SECNet adopts the Event Cloud
representation. The results of SECNet are superior to those of the other three methods. More results for different sequences
in the dataset are shown in Figure 8.
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